Introduction

2
Quantitative analyses of the medial meniscus (MM) and lateral meniscus (LM) from three-dimensional 3 (3D) magnetic resonance (MR) imaging offer opportunities to better understand the pathophysiological 4 processes involved in the structural and functional degeneration of the menisci associated with osteoarthritis
5
(OA) [1] [2] [3] . Recent semi [4] [5] [6] [7] [8] [9] [10] [11] and fully-quantitative [8] [9] [10] [11] [12] [13] [14] [15] MR studies have reported significant differences in the 6 volume, tibial-coverage and subluxation of the menisci between knees with distinctive radiographic OA
7
(rOA), medial and lateral joint space narrowing (mJSN, lJSN) or pain scores. While MR scoring methods 8 provide good reproducibility and reliability for clinical evaluation of the menisci [4] [5] [6] , acquisition of detailed 9 quantitative data on these structures through MR segmentation offers increased measurement precision for
10
investigating the in-vivo 3D morphological and biochemical characteristics of these fibro-cartilaginous discs
11
(e.g. T2, T1ρ imaging [16] [17] [18] [19] , analysis of volume changes with OA or post surgery [20] [21] ).
12
Manual segmentation of the menisci from 3D MR images is a time-and expertise intensive process ). Specifically, it requires numerous subjective interpretations for separating adjacent structures with 15 comparable signal contrasts which predispose to low intra-rater reproducibility and high inter-rater 16 variability
. A desirable direction is the automation the MR segmentation and analysis.
17
Several semi-automatic methods for the 3D segmentation of the menisci have been developed to reduce both 18 analysis time and rater biases 19, 20 . However these still require expert training and varying levels of manual
19
intervention. In terms of fully automated segmentation approaches [22] [23] [24] [25] , good accuracy, as measured with the
20
Dice similarity index (DSI) 26 , has been achieved for the MM (75±10%) and LM volumes (77±10%) 24 and a
21
total meniscal volume (81±3%) 25 although these methods were only validated on healthy menisci.
22
To the best of our knowledge, results and validation of fully automatic segmentations of the menisci from
23
MR images of individuals with knee rOA have not been published. There are substantial technical challenges
24
for automated segmentation of the menisci with pathological damage or degeneration which give rise to a 25 spectrum of structural and biochemical tissue changes which, as illustrated in Fig. 1 , are variably associated
26
with increases in signal heterogeneity and shape variability 1, [14] [15] [16] [17] [18] . Consequently, segmentation approaches that 27 assume homogeneous signal intensity in the menisci are not well suited for morphometric analyses of the 28 menisci in knees with rOA 19, 20 , and although methods that combined shape-and image-priors provided
29
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4 promising leads 24, 25 , only preliminary results on the automatic segmentation of healthy meniscus have been
30
reported in relatively small populations (N<14).
31
The objectives of this study were to 1) develop a fully-automatic method for the segmentation and 
36
[ Figure 1 ] / [ Table 1 ]
37
Material and Method
39
Patient and MR Image Datasets
41
The MR images used in this study were obtained from the Osteoarthritis Initiative (OAI) database, which is 
51
requiring an intra-observer coefficient of variation lower than 3% on paired test images. The segmentations
52
were reviewed by the expert segmenter. These manual segmentations, which were performed blind to the 53 present study, were used to train and validate of our automated segmentation algorithm. Datasets (B) and (C)
54
consisted of 22 and 129 subjects (left and right knees) selected from the OAI Progression (definite rOA) and
55
Incidence (asymptomatic with increased risks of developing OA) cohorts at baseline, 12, 24 and 36 months.
56
Automated segmentations of the baseline MR images from Datasets (B) and (C) were undertaken for visual 57 assessments of the performance of the segmentation method (results provided) and exploratory data analyses 58 on meniscal volume, subluxation and tibial coverage in a larger cohort with a wider spectrum of healthy and M A N U S C R I P T .
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A 3D SSM mathematically describes the direction and the magnitude of shape variability of a training-set of 69 triangulated surfaces
29
. These models are characterised by a mean-shape which changes in a plausible 70 manner (anatomically credible) based on a set of shape-parameters (illustrated in Supplementary Fig. S1 .a).
71
In ASM-fitting schemes, SSMs are frequently used to restrain the deformation from converging towards , which comprised 1D template intensity profiles typically surrounding the menisci in the training-set
76
(illustrated in Supplementary Fig. S1 .b). The ASM utilised these image-feature models in order to find the 77 intensity profiles most similar to that of the template profiles in the new image to segment. Technical
78
background regarding the generation of the models is provided in 'Supplementary Data A'.
79
The segmentation pipeline, detailed bellow and in Fig. 2 In this first stage, the MR image to segment -denoted ‫ܫ‬ -was normalised to a fixed intensity range (0±200) 86 using linear rescaling and preprocessed using a median smoothing algorithm (radius 1x1x1) in order to reduce 87 the image noise and increase signal homogeneity within structures.
Affine initialisation
91
In the initialisation stage, an average menisci surface -denoted ܵ ூ -was aligned to a likely meniscus 92 region of ‫ܫ‬ based on the registration of an average knee image to ‫.ܫ‬ Underlying methods utilised to generate 93 the average knee image and menisci surface is described in 'Supplementary Data A'. The average knee 94 image was first registered to ‫ܫ‬ using an affine registration algorithm 34 , and the obtained transformation was
95
propagated to the average surface, resulting in a surface ܵ ூ approximately aligned with the meniscus region in 96 ‫.ܫ‬ To refine the initialisation, the meniscus region was extracted from both the average knee image and ‫ܫ‬ 97 (2mm around ܵ ூ ), and the registration process was repeated with the cropped images. 98
For an individual with multiple time-point scans, the MR images were first co-registered and averaged into a 99 subject-specific mean image using groupwise registration 35 , and the mean-image obtained was used for the 100 initialisation of all the time-points.
101
The initial pose and shape parameters of the ASM were then estimated from this obtained surface. An 
105
III.
Active Shape Model Fitting.
107
The SSMs were then deformed towards the most likely shape and position in ‫ܫ‬ based on the template 108 profile matching process illustrated in Fig. 2 .a (shaded area) and described in detail elsewhere 30, 31 .
109
Summarising, for a given point k of ܵ ூ , a grey level profile ܲ ூ, longer than that of the image-feature model is Table S1 ).
118
Optimizing the ASM-fitting process for the segmentation of the menisci involved three parts. A combined
119
SSM encoding the pose variability was deformed in ‫ܫ‬ to refine the initial pose of the menisci. This step was 120 performed using a 2 level Gaussian image-pyramid scheme to avoid converging towards local minima. In a 121 second pass, individual SSMs of the MM and LM describing the local shape variability were separately 122 deformed in ‫ܫ‬ to obtain likely morphologies. SSMs were used to constrain the deformation during the 2 first 123 stages of the fitting process 29 .
124
To account for the shape variability not described by the SSMs and allow the ASMs to deform towards 125 shapes slightly different than that of the training-set, a third pass deformed separate MM and LM ASMs in ‫ܫ‬ 126 without SSM constraints. Finally, smoothing was applied to remove noise from the deformed surface and the 127 surface was voxelised to create the initial segmentation masks.
129
IV.
Segmentation Post-Processing
131
To correct any small over-segmentation, a post processing classification method was applied to the menisci 132 masks. As shown in Fig. 2 
170
Associations between meniscal parameters estimated from the automatic and manual segmentation data 
176
Using the baseline imaging data pooled over all datasets, meniscal volume, subluxation and tibial coverage
177
were compared for differences 1) between rOA groups (such that no(confirmed)-rOA = grade 0 or I, mild-
178
rOA=grade II and advanced-rOA=grade III-IV), 2) between medial and lateral JSN groups (grades 0, I and II) 179 and 3) between pain-score groups (WOMAC=0, 0<WOMAC<=10 and 10<WOMAC<=20) using Wilcoxon rank-
180
sum tests adjusted for false discovery rate 41 (significance-level: 0.05).
181
All statistical analyses were performed using 'R 3.0'.
182
[ 
189
(DSI V00 =83.9%(82.1-83.9), DSI V01 =83.0%(81.6-83.5)) at both time points (Table 2) 
197
There were strong or moderate correlations (Fig. 5) 
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10
Comparisons between the manual and automated volume data using Bland-Altman plots showed for both the
203
MM and LM an even distribution of the differences between methods across the range of meniscal measures
204
(no apparent funnelling effects) with a bias of (-4.45%, 6.46%), (-0.525mm, -0.266mm) and ( 
211
Quantitative Analysis
213
As reported in Table 3 , in rOA and mJSN knees, the MM had significantly more subluxation and less tibial 214 coverage than no-rOA/no-mJSN knees. So did the MM of advanced-rOA knees compared to mild-rOA knees. 
218
For the LM, knees with rOA had significantly greater meniscal volume and tibial-coverage than no-rOA/no-219 lJSN knees. The volume of the LM was also greater in knees with lJSN.
220
No significant differences were noted between different groups of pain score in any of the meniscal 221 parameters.
222
Automated segmentations of the MM and LM were also performed to obtain volume, subluxation and tibial All the experiments were performed on a dual 6-core Intel Xeon Westmere X5670 (2.93GHz) workstation.
231
Using our fully-automatic method, the mean±SD CPU time required to segment the MM and LM from an M A N U S C R I P T A C C E P T E D 
256
The good DSI values and successful identification of significant differences between groups, particularly in 
267
The primary advantages of our method are: (1) 
271
There are some limitations with the present research. First, the method was only evaluated on weDESS MR
272
images acquired as part of the OAI. Further validation is required for to assess the applicability of the method
273
on clinically focused sequences such as intermediately-weighted 2D fast-spin-echo (FSE) and 3D-FSE.
274
Regarding the performance of the method on the OAI weDESS MR images, another possible limitation of 275 the method was the decrease DSI values with rOA severity (for MM) and between time-points ( Table 2 ). The 276 primary reason for these differences relates to the increase in meniscus shape complexity and MR signal 277 heterogeneity associated with disease progression, which blurred the boundaries with articular-cartilages and
278
weakened the features driving the ASM. These differences were not significant ( 
280
Training the models of the segmentation algorithm using V01 yielded equivalent results, with a non-significant 
289
peripheral margins mid-way along the MM and LM were the areas that segmented least accurately (Fig. 6 ).
290
These results stem from the unclear demarcations between the meniscal horns and ligaments and between
291
the peripheral edges of the meniscus and fat (Fig. 1) . From the high specificity and comparatively low M A N U S C R I P T
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13 sensitivity reported in Table 2 , we concluded that under-segmentation was the most common segmentation 293 error obtained.
294
Several cases such as the MM shown in Fig. 4 .c exhibited severe tissue destruction and our automated 295 method failed in this specific instance of very advanced tissue loss. Our experience showed that these failed 296 segmentations could be easily detected from the web applications previously mentioned, and with a failure 297 rate (DSI<=60%) of 8.5% for MM and 1.7% for LM, we consider the method suitable for analyses of the 298 menisci in a framework of early OA assessment.
299
In conclusion, our automated scheme is well suited to efficiently process and analyse large prospective MR 300 cohorts, thereby presenting opportunities to facilitate epidemiological and interventional studies into 
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The OAI is a public-private partnership comprised of five contracts (N01-AR-2-2258; N01-AR-2-2259; N01- no-rOA = rOA grade 0 or 1, mild-rOA = grade II, advanced-rOA = grade III-IV; MM and LM parameters were tested against medial and lateral JSN respectively, with grade 0 = no-JSN, 1 = mild-JSN, 2 = severe-JSN. Differences between groups were tested using Wilcoxon rank-sum tests, with a significance level p=0.05. P-values were adjusted for multiple comparisons using false discovery rate Table S1 . ASM-fitting implementation parameters. The segmentation of all subjects utilised the same parameters, which have been tuned based on training and observations. 
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